Ecosystems can undergo abrupt transitions from one state to an alternative stable state 2 when the driver crosses a threshold or a critical point. Dynamical systems theory suggests 3 that systems take long to recover from perturbations near such transitions. This leads to 4 characteristic changes in the dynamics of the system, which can be used as early warning 5 signals of imminent transitions. However, these signals are qualitative and cannot quantify 6 the critical points. Here, we propose a method to estimate critical points quantitatively 7 from spatial data. We employ a spatial model of vegetation that shows a transition from 8 vegetated to bare state. We show that the critical point can be estimated as the ecosystem 9 state and the driver values at which spatial variance and autocorrelation are maximum. 10 We demonstrate the validity of this method by analysing spatial data from regions of 11 Africa and Australia that exhibit alternative vegetation biomes.
of ecosystem states. We justify our claim based on analyses of models and remotely-sensed 46 vegetation data from Africa and Australia. Therefore, one can employ transects that span 47 alternative stable states of ecosystems. The parameters of biomass density, grazing or rainfall 48 values at which maxima of spatial metrics occur offer approximations of the critical points. 
where f (B) represents local growth rate of population density B, the second term (diffusion) 54 represents spatial interactions and the third term represents Gaussian fluctuations, uncorre-55 lated in space (x) and time (t), with a strength σ. We assume f (B) such that the nonspatial 56 and deterministic version of Eq (1) exhibits multiple stable states and a saddle-node bifurca-57 tion. We investigate the dynamics for the spatially-extended case in a simplified analytical 58 approach, working in one space dimension and linearising the system in the vicinity of a stable 59 state, to obtain
where b(x, t) = B(x, t) − B * 1 and α measures the distance from the critical point. The spatial 61 variance (σ 2 s ) and autocorrelation (ACF ) of this system variable (b) are easily found to be: intermediate rainfall values (Fig. 4 A,B) ; the occurrence of bimodality in EVI is not associ-227 ated with bimodality in rainfall ( Fig S6, S7 in Appendix S4).This suggests the existence of 228 alternative stable states in these regions. Recall that critical points can be independently 229 estimated as the threshold for the onset or disappearance of bimodality in a state diagram.
230
For Box-A, we obtain an estimate of the critical value to be around 1000-1100 mm mm/year 231 for the transition from high to low EVI state ( Fig. 4 A) ; from transects, the estimated critical 232 rainfall values range from 1108 to 1334 mm/year (Table 1) . Likewise, in Box-B (Africa), the 233 estimated critical points from the state diagram (1300-1400 mm) are close to estimates from 234 analyses of transects (1281, 1306 mm; Table 1 ). We do not get any estimates from transects in 235 the control Box-C, which is consistent with the state diagram as there is only one EVI mode 236 at a given rainfall value (Fig. 4 C) .
237 5 Discussion
238
Our analyses of spatial models showed that the ecological state and driver values correspond-239 ing to regions with simultaneous maxima of spatial variability and autocorrelations offer a 240 quantitative estimation of critical points. We demonstrated the validity of the method using 241 remotely-sensed vegetation data from regions in Africa and Australia. Our findings show that 242 it is possible to estimate critical points and to identify critical regions prone to regime shifts 243 in the future from spatial data of ecological systems.
244
Our method can be applied on spatial snapshots spanning alternative stable states of 245 ecosystems even when they are in nonsteady-state conditions. A gradient of states is often 246 maintained by an underlying gradient of a driver. Using such data, one can obtain a relation 247 between the state of the ecosystem and the driver. Since real world data is rarely in steady 248 state, this relationship may not show a threshold behaviour even if the underlying dynamics 249 exhibits a critical point. We tested the applicability of our method in non-steady state condi-250 tions by simulating three scenarios: (a) a null model that exhibits no transition ( Fig. 1 A) , (b) 251 a model that shows continuous transition (Fig. 1 B) and (c) a strong positive feedback model that exhibits abrupt critical transition (Fig. 1 C) . Even under such circumstances masking the Transect no. c o a r s e -g r a i n i n g l e n g t h ( l c g ) c o a r s e -g r a i n i n g l e n g t h ( l c g )
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0 1 0 0 2 0 0 d i s t a n c e 0 5 0 1 0 0 d i s t a n c e Figure 1 : Simulations of spatially-explicit ecological models show that even for data arising from nonsteady state and gradient-driver conditions, estimated critical points (blue squares and green triangles in B and C) are reasonably close to the critical point in steady states (black star). In the null model with no critical points (A), as theoretically expected, the peak of spatial variance occurs around density of 0.5 for all coarse-graining lengths (A1, A2), but there is no peak for spatial ACF-1 (see Fig. S2 , S3 in Appendix S2). Thus, we infer there is no critical point for the null model. In the continuous transition model (B), peaks of spatial variance and ACF-1 (B1, B2) converge close to the steady state critical points. In (C, C1 and C2), we find qualitatively similar results for the discontinuous transition model. (C1-C4) show that EVI distributions remain unimodal for all the rainfall ranges in Box-C. We discarded regions of transects (grey bands) dominated by local heterogeneity in soil, slope, aspect or elevation (also see Fig. S13 , S14, S15 in Appendix S5). In the remaining region, we identified peaks in both spatial metrics that occur within 4 km of each other as coinciding peaks (blue stars in A2, A3, B2 and B3). We estimated the associated rainfall value as the critical points ( Table 1) . The control Box C, which did not show bimodality, offered no estimates, consistent with the theory. Scatter data represent measurements on a moving window of 8 km × 8 km with a moving distance of 2 km; connecting solid line is obtained by a smoothing function with the smoothing parameter (spar) = 0.6. For each rainfall bin, black dots show the location of modes of EVI density whereas colour maps, plotted using image.plot in R, show the density of EVI. If the ratio of the density at two modes is less than 0.25, it is plotted as a grey dot. (C) does not show bimodality.
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